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Dedicated to the hardwood lumber industry and the abundant North American hardwood forest
resource. May this work help to ensure continued sustainability and prosperity of both. Healthy
forests and healthy industry must go hand in hand and work together as a symbiotic relationship.
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ABSTRACT

Author: Wells, Logan, D. MS
Institution: Purdue University
Degree Received: August 2018
Title: Automated Hardwood Lumber Grading
Committee Chair: Dr. Rado Gazo

Grading lumber is a process of assigning a quality measurement and thus dollar value to
individual boards. Throughout the entire hardwood manufacturing process and individual board
can be graded multiple times from when the board is first sawn from the log, before and after
drying and when it reaches the end manufacturer. For hardwood lumber both appearance and
structural soundness factor into the grade of a board. The National Hardwood Lumber
Association (NHLA) was created to establish a uniform standard for grading hardwood lumber.
Many companies still have proprietary grades specific to their business, but the vast majority of
hardwood lumber in North America is bought and sold based on NHLA standard lumber grades
or a very similar variation.

Currently the industry practice is manually grading lumber by specially trained lumber
inspectors. It is a complex job that requires great focus and critical thinking due to the amount of
mental math and production speeds. It takes a lot of time and resources to train a good lumber
inspector, but that knowledge base of lumber grade is extremely valuable to all areas of
hardwood manufacturing. Quite simply a lumber grader can make or break a mill if they are
good or not. Finding talented young people to fill this role is becoming more difficult with the
shortage of new people entering the industry. The gap between the number of students going into
the industry and what is needed to fill retirements yet alone allow for growth is alarming and a
change must be made going forward.

Technology and automation is vital in allowing any industry to stay competitive in the global
markets of today. This thesis is about an automated lumber grading system and its performance.
As a proof of concept study, over 1,000 kiln dried, rough surface boards from nine different
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commercial hardwood species- ash, basswood, cherry, hard maple, hickory, red oak, soft maple,
white oak and yellow poplar- were scanned and graded. Approximately 300 to 350 boards from
three different grade categories, Select and Better, 1 Common and 2 Common, were scanned. A
2014 Microtec Goldeneye300 Multi-Sensor Quality ScannerTM was used to scan boards and
collect data on the board defects and other features needed for grading. There are 6 different
types of sensors used by the scanner including color cameras, black and white cameras, profile
cameras, line lasers, dot-grid lasers and an x-ray. Together the sensors map out the board and
create a digital map that is then processed by the lumber grading computer program
GradeViewTM as developed by Dr. Rado Gazo and researchers at Purdue University.

The results of this study show the accuracy of the automated grading system to be within
industry acceptable standards. The NHLA Sales Code (2015) states two grading accuracy
requirements for selling lumber. Both requirements are based off the entire volume, or board
footage, of lumber sold instead of a board by board count of accuracy. The first requirement is at
least 80% of the total board footage must be of the specified grade, or at least 80% on-grade. The
second requirement is that the true value of the load of lumber must be within 4% of the invoice
specified value. Over the entire study and across all samples, the automated lumber grading
system was found to be 92.22 % on-grade accurate and 99.50% on-value accurate. This thesis is
comprised of two chapters that go over the entire study and results but also the specific detection
processes for different lumber defects.

1

VALIDATION OF AUTOMATED HARDWOD LUMBER
GRADING SYSTEM

A version of this chapter is an article that was submitted in April 2018 to the Journal of
Computers and Electronics in Agriculture. It has been reviewed and accepted for publication.

1.1

Abstract

Grading is one of the most vital steps in the hardwood lumber manufacturing process. For over
one hundred years, hardwood lumber in North America has been graded by specially trained
lumber inspectors using the National Hardwood Lumber Association (NHLA) Rules for the
Inspection of Hardwood Lumber. With technology improving over time, the status quo of lumber
grading is again being challenged. This paper outlines an automated lumber grading study using
a Microtec Goldeneye 300 Multi-Sensor Quality Scanner™. The scanner is equipped with color
cameras, dot-grid and profile lasers and an x-ray sensor to locate and classify defects at a speed
of 980 linear feet per minute. The material studied was rough, kiln dried hardwood lumber of
nine different commercial species. Over 1,000 boards from each species were graded with the
scanner and verified by a NHLA-trained human lumber inspector. This paper reviews the
performance of the scanner and highlights its accuracy by species and individual grades within
that species. Across the entire volume of boards scanned, the automated grading system was
99.50% on-value and 92.22% on-grade accurate.

1.2

Introduction

Sawmills must continue to strive to be more efficient for two reasons, 1) to stay in business and
remain profitable and 2) to be as responsible with timber resources as possible. Any process that
does not utilize material to its fullest potential is wasteful and becomes a burden to business in an
effort to maximize the value of every piece of lumber (Araman et al. 1992, Kline et al. 2003,
Bhandarkar et al. 2008). On the wholesale market, the value of lumber is determined by many
factors including but not limited to the tree species, region of origin, board thickness, average
width, moisture content and the board’s quality grade. Hardwood lumber in the North America is
graded in accordance to the National Hardwood Lumber Association (NHLA) Rules for
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hardwood lumber inspection (NHLA 2015). The standard rules for grading hardwood lumber
assign a grade to a board based on the amount of clear wood available by a limited number of
cuttings of a minimum size. Currently hardwood lumber is graded manually by identifying the
board’s dimensions, defects and calculating the size of clear areas, or cuttings, in the piece of
lumber. It has been documented in multiple studies that the accuracy of a human lumber
inspector can be as low as 48% to as high as 75% (Huber et al. 1985, Kline et al. 2003, Pham and
Alcock 1998). From an accuracy standpoint, automation could greatly improve the industry’s
grading efficiency (Conners et al. 1989, Araman et al. 1992).

In the early 1980s, the United States Forest Service (USFS), in cooperation with researchers at
Louisiana State University (LSU) and Virginia Polytechnic Institute and State University
(Virginia Tech), envisioned a fully automated hardwood industry using an Automated Lumber
Processing System (ALPS). Everything from log sawing patterns to grading the final boards
would be done by computer automation (McMillin et al. 1984). The biggest challenges included
the shortage of computer processing capability, data storage capacity and scanner sensor
accuracy needed to grade boards automatically. Klinkhachorn and colleagues developed an
improved computer program to grade virtual boards, but still lacked the adequate data collection
capabilities of an accurate scanner (Klinkhachorn et al. 1987). In partnership with the United
States Forest Service (USFS), Virginia Tech researchers developed an improved machine vision
system used to identify lumber defects (Conners et al. 1989, Cho et al. 1990). The majority of
machine vision research focused on surfaced hardwood lumber utilizing color cameras and
image shapes to identify defects (Conners et al. 1989, Cho et al. Nov 1990). Other types of
defect detecting technology included laser, X-ray, microwave, ultrasonic and neutron methods
(Pham and Alcock 1998). Research continued to improve the accuracy of defect detection in
lumber scanning, but there were still issues with false positive errors, or detecting defects that
did not exist (Kline et al. 1998). To help reduce false positives and greatly increase scanning
defect detection accuracy, Bond et al. (2002) and Kline et al. (2003) used an integrated sensor
approach. They demonstrated a significant statistical increase in grading accuracy using a
combination of sensors including not only color cameras, but also shape measurements and Xray density values (Bond 1998, Bond et al. 2002). Kline et al. (2003) used this same multi-sensor
approach to feed scanned images into improved lumber grading computer algorithms. The multi
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sensor approach increased the accuracy of defect detection and resulting grading accuracy in
Kline’s study to 63% while scanning 89 boards at 120 lineal feet/minute (36 meters/minute).

During the mid-2000s, multi sensor lumber scanners started to be commercially accepted by
industry. Multiple companies began to sell lumber scanners used primarily for crosscut
optimization in rough mills to cut out defects from lumber efficiently and accurately. Buehlmann
conducted a study using surfaced and kiln dried yellow birch to compare the defect detection
capabilities of four different commercial scanners, demonstrating an improved accuracy over
previous non-commercial prototype scanners (2007). Lumber grading software continued to
improve and be utilized in sawing optimization research using computed tomography (CT) log
scanning (Bhandarkar et al. 2008, Chang and Gazo 2009). Today, with more powerful
computers, higher quality cameras and more precise sensors, it is now feasible to revisit the
Forest Service’s vision to combine automatic defect detection from a scanner with lumber
grading software and applying it to an industrial scale.

1.3

Objective

The objective of this study was to conduct a large-scale validation of the automated hardwood
lumber grading system in an industrial setting by analyzing 1,000 boards of each of the nine
selected hardwood species.

1.4
1.4.1

Methods and Materials
Equipment

A 2014 Microtec Goldeneye 300 Multi-Sensor Quality Scanner™ was used to identify and
classify defects in tested lumber. This scanner uses color scanning, X-ray scanning, 3D laser
triangulation, laser scattering and grain deviation detection to find defects on each face of the
board. Data from all sensors are correlated to increase accuracy of defect detection and minimize
false positive errors. The scanner ran at approximately 980 feet/minute (300 meters/minute).
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1.4.2

Sensors

Color cameras are the main sensors used in lumber scanners. They allow for accurate
identification of color changes on the surfaces of the board. Thresholds are set to identify the
contrast between clear wood, knots, stains and other defects. These cameras, however, will also
pick up unwanted visual signals such as a boot print, dirt smudge or conveyer mark.

Black and white scatter cameras are used in conjunction with the line and dot grid lasers. The
shape of the laser light will change based on how it refracts against the wood cells (Jolma and
Mäkynen 2007). The black and white scatter camera determines the movement of the grain or
fiber deviation and maps out grain patterns near knots. Because wood grain deviates from
straight direction around knots and other defects, but it does not around the dirt or conveyer
mark, combining these two sensors helps eliminating detection of unwanted features.

The 3D profile camera is used in accordance with the scanner’s lasers to look at not only the
shape of the board and locate wane, but also to verify cracks and holes that might confuse the
scanner’s vertical camera perspectives.

Finally, the x-ray is one of the most vital sensors on the scanner, used to map the density of a
board. Knots, for example, have higher density than clear wood, where a hole or lack of material
would comparatively have very little or no density. All the sensors work together to verify
different defects and gather information about the board. By setting thresholds for different
defects on each type of sensor and overlapping each sensor’s data, false defects can be filtered
out and only the true defects are identified and classified.
1.4.3

Calibration

Microtec Goldeneye 300 Multi-Sensor Quality Scanner™ is typically used to scan surfaced or
skip surfaced, uniform-width strips of kiln dried lumber in rough mills. For this test, input
material was rough sawn, unsurfaced, random-width, random-length, kiln dried lumber of nine
common hardwood species – ash, basswood, cherry, hard maple, hickory, red oak, soft maple,
white oak and yellow poplar. Scanning of the rough lumber (Conners et al. 1992) is a prominent
concern because dirty and coarse surfaces of the board can cause confusion to scanner sensors.
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Substantial effort was put into calibration of defect detection in rough lumber by Microtec
engineers along with a NHLA trained grader (Del Re 2018).
1.4.4

Hardwood Lumber Grading Software

Gazo and Benes (2013) and Gazo et al. (2014) developed software, LogView™, to visualize,
identify and classify internal features in data from CT scanning of logs. In addition, LogView™
optimizes processing of hardwood logs into veneer or lumber by simulating and evaluating all
processing parameters based on knowledge of internal features of logs. An integral part of this
process is virtual grading of boards and veneer anytime a processing parameter is changed. This
is accomplished by GradeView™, a grading algorithm developed by Gazo et al. (2014) that is
capable of rapidly evaluating quality of boards based on NHLA grading rules, as well as customdefined rules.
1.4.5

Sample Material

During normal sawmill operation, lumber exiting dry kilns is brought to a grading line where it is
graded, upgraded by trimming if necessary, sorted by species, grade and length, tallied, stacked,
packaged for shipment and stored in a warehouse prior to shipping out. The sample boards for
the testing came from packages that were previously graded by NHLA trained graders, tallied
and ready to be shipped out.

For the study, nine different species of lumber were used- ash, basswood, cherry, hard maple,
hickory, red oak, soft maple, white oak and yellow poplar. Over one thousand boards of each of
these species were scanned to provide a large enough sample size and demonstrate that
automated lumber grading could be done on a production scale. NHLA rules define six grades –
First and Seconds (FAS), FAS one Face (F1F), Selects (SEL), #1 Common (1C), #2 Common
and #3 Common. #2 and #3 Common grades can be either Clear (2A, 3A) or Sound (2B, 3B).
Many mills group 2A and 2B into a single grade of #2 Common (2C) and similarly 3A and 3B
into #3 Common (3C). Additionally, it is a common commercial practice to group 3 top grades
of FAS, F1F and SEL together as a single grade Selects & Better (Sel&Btr).
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In this study, equal amounts, approximately 300 to 350 boards, of each of the three main grade
categories- Sel&Btr, 1C and 2C were used. Due to research taking place at an active sawmill, the
study had to work with the available inventory. To maintain consistency and for ease of material
handling, 4/4 thick lumber was used when available. Few packages of 5/4 thick lumber were
used in maple species with limited inventory selection. The sample size of scanned boards by
species and by grade is described in Table 1.1 (by number) and Table 1.2 (by volume). The total
comprised approximately 100 packages of lumber, averaging 400 BF per pack.
1.4.6

Procedure

At the beginning of 2017, Microtec Goldeneye 300 Multi-Sensor Quality Scanner™ and
GradeView™ algorithm were integrated into the Automated Hardwood Lumber Grading System
and installed off-line in a medium-sized Midwestern hardwood sawmill.

Over a period of three months, approximately 100 packages of lumber were scanned and graded.
During the first pass, the boards for which previously human-assigned grade matched the scanner
grade, were set aside and considered successfully graded. The boards that did not match the
human-assigned grade were then scanned one more time and inspected in detail in the presence
of a trained lumber grader. Some of these boards were graded correctly by the original human
grader and some were graded correctly by the scanner. In each case, the reason for discrepancy
was recorded. Table 1.3 shows the reasons for miss-grading a board by the scanner and the
number of times a board was graded incorrectly as a result of that.
1.4.7

Limitations

Physical lumber feeding mechanism limitations of test setup allowed boards up to 9.5” wide, 4”
thick and 12’ long to be scanned. Since surface defect detection and identification is not affected
by the length and width of a board, this should have no effect on grading accuracy.

All previous studies used a limited sample size, for example, Kline et al. (2003) used 89 boards.
Due to our objective of testing a large sample of 9,454 boards (39,894 board feet), it was not
feasible to re-inspect all boards for which human grade and scanner grade both agreed. In cases
when both board grades were the same, the grade was assumed to be correct and no further
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action was taken. During 2 days of the study, the NHLA Chief Lumber Inspector and Dean of
Inspector Training School was in attendance to verify grading of the boards. During his presence,
all boards, including those for which human grade and scanner grade both agreed, were reinspected. This amounted to 282 boards (1,080 board feet) of red oak, 368 boards (1,345 board
feet) of white oak, and 208 boards (946 board feet) of ash. The on-value and on-grade accuracy
for these boards was 99.48% and 91.11% respectively for red oak, 99.87 % and 95.83%
respectively for white oak and 96.03% and 86.68% respectively for ash. These sub-sample
results are consistent with our overall results. While it is conceivable that some of these boards
could have been miss-graded by both human and the scanner we believe that occurrence of this
was minimal. Therefore, we feel that this approach was justified in order to analyze much larger
sample size.

1.5

Results

The on-value and on-grade performance of the automated hardwood lumber grading system was
calculated by comparing scanner grade to true grade. Scanner grade is the grade assigned to each
board by the scanner. True grade is the previously human-assigned grade if the original human
grade was correct. If the human and scanner grades were not the same, then the inspectorassigned grade is the true grade.

On-value and on-grade performance was calculated for the entire sample size, by species, by
species and grade and by each individual package of lumber. The value was then averaged for all
packages within the same species/grade combination. If on-value accuracy is less than 100%, it
means that scanner under-valued that sample. Accuracy over 100% means that scanner overvalued the sample. On-grade accuracy is always less than 100% and is calculated on board foot
volume basis.

An excel spread sheet was used for the on-value and on grade calculations. The data exported
from the GradeViewTM software shows the board footage of each individual board in a package
along with the true grade and scanner assigned grade. The current market price per board foot of
both the scanner assigned and true grade were then multiplied by the individual boards footage to
establish a piece dollar value for both the true and scanner assigned grades (HMR 2017). This
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process was repeated for every board in the pack of lumber and then summed to show the true
graded value and also the scanner graded dollar value. These numbers could then be compared
for the NHLA Sales Code on-value requirement. If the scanner grade value was $97.50 and the
true grade value of the pack of lumber was $100.00 then the on-value percent would be $97.50
divided by $100.00 or 97.5% on-value.

A similar excel process was done to calculate the on-grade sales code requirement, but instead of
using the current market values it was simply a measure of the board foot volume of scanner
grade matching the true grade. For instance, if a package of lumber had 100 board feet of 1
Common and the scanner graded 89 board feet of 1 Common, 5 board feet of Select &Better and
6 board feet of 2 Common, the scanners on-grade accuracy would be 89%. The 89 board feet that
were correctly graded 1 Common out of the total 100 board feet of true 1 Common gives the
scanners on-grade accuracy to be 89%.

All of these calculations were done on the individual board level, which then made it possible to
provide summary numbers of each grade and species accuracies. By dividing the total scanner
board footage or dollar value against the true grade board footage or dollar value, the summary
on-grade and on-value numbers could be calculated.

After grading the 9,454 boards (39,894 board feet), the overall on-value scanner accuracy was
99.54% an on-grade accuracy was 92.22%. Detailed results are given in Tables 1.4 and 1.5.

1.6

Discussion

The NHLA Sales Code states that when selling lumber, the board footage of the lumber shipment
as listed on the invoice must meet two requirements. First, the true value of the lumber shipped
must be within 4% of the invoice value (i.e. minimum 96% on-value accuracy). Second, at least
80% of the board footage shipped must be the correct grade, minimum on-grade accuracy
(NHLA 2015). To calculate the value of each board, the lumber price listed in the Feb 1, 2017
Hardwood Market Report from the Appalachian lumber region for each species (HMR 2017)
was used.
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1.6.1

On-value Accuracy

The overall on-value accuracy of 99.54%, as well as the average on-value accuracy for each
species, was far better than the 4% margin of error that NHLA rules allow. The on-value
accuracy of two higher grades, Sel&Btr and 1C, for all species was also better than the 4%
allowed margin of error.

For four out of the nine species, the on-value accuracy of 2C grade slightly exceeded the 4%
margin of error. Being a lower grade, 2C lumber has more defects and less clear wood. That
means that there is a greater chance of the scanner missing or wrongly identifying a defect, thus
assigning a higher value to the lumber. Moreover, some of these were low board-count packages
compared to average. Basswood and cherry 2C lumber groups were two of the smallest sample
sizes. Only 253 boards (999 board feet) of 2C basswood was scanned and 202 boards (751 board
feet) of 2C cherry lumber. Small sample sizes were a result of limited availability in mill
inventory.

A special note must be made regarding the Sel&Btr grade in white oak being overvalued. It may
seem counterintuitive that highest-value grade can be overvalued by a scanner, but this is caused
by the fact that there were lower grade boards in those packages (reducing true value of the
package) and scanner graded those boards as the higher grade. White oak is different from other
species due to an iron stain, a stain that develops when green lumber that is not dipped in antistain solution comes in contact with iron. Some mills experience it and some do not, while others
experience it seasonally. The scanner does not get confused with iron stain until it becomes
severe. In such cases, the scanner grading solution for white oak was adjusted to account for
severe iron stain.
1.6.2

On-grade Accuracy

The overall on-grade accuracy of 92.22%, as well as the average on-value accuracy for each
species, and species/grade combination was better than the 80% minimum accuracy called for by
the NHLA Sales Code. As mentioned previously, published studies of human graders have
reported accuracy between 48-75%.
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1.6.3

Future Considerations

Some important commercial species considerations of hardwood lumber were left out of this
study. First, and most obvious, is the absence of scanning black walnut lumber. While lumber
scanners made rapid progress over the last decade in terms of speed, ability to scan rough
lumber, number of species that can be detected, etc., this study was not able to calibrate the 2014
Microtec Goldeneye 300 Multi-Sensor Quality Scanner™ to identify defects in black walnut to
achieve satisfactory performance. This is mainly due to the similar density and dark color of both
the clear wood and large knots.

Since the scanner had been built in 2014, several sensor improvements became available in
lumber scanning. For hardwood lumber specifically, the use of lasers in the non-visible spectrum
significantly improves detection of knots and grain deviation (Del Re 2018).

An important consideration of future work is to look at different color requirements for species
specific rules, for example #1 White and #2 White hard maple color sorts. This study did not use
color sorting for grading maple, just standard grading rules. It would be possible to calculate
cuttings without brown heartwood with the scanner used in this study, but due to time and budget
constraints those factors were not evaluated.

In addition to increasing the accuracy and speed of hardwood lumber grading, the automated
hardwood lumber scanning system can provide other benefits. A human graders ability to
recognize boards that can be re-manufactured to increase their value is vital to the success of a
mill. When a major grading defect is located near the end or an edge of the board, it is a common
practice to remanufacture such board by trimming the end(s) to length or ripping to width. Such
practice results in a board that is smaller, but more valuable. The automated solution can provide
superior benefits in this regard compared to a human grader. The potential for optimizing the
grade of every individual board might be even more important than the increased production
efficiencies of the scanner.

The lumber that was used in this study was already upgraded by trimming to length by a human
operator. In spite of that, our automated hardwood lumber grading system was able to further
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increase the value of this lumber. An analysis that included a simple end trimming optimization
of the 859 boards of ash, white oak and red oak that were previously verified by the NHLA chief
inspector was conducted. This analysis only included crosscutting (end trimming) boards to
length with option of trimming 1 foot of either or both ends of a board, or trimming 2 feet of one
end of a board. No ripping was included. Out of the 859 boards, there were 535 boards that were
not in the highest grade group of Sel&Btr already, and thus had a potential for value increase by
trimming. Out of these 535 boards, we found a higher value in 157 boards, for a total value
increase of 6.1% overall. The increase was 6.5% for ash, 8% for white oak, and 3.3% for red
oak. Adding more length choices to end trimming, and/or including ripping in the optimization,
will further significantly increase the value of the lumber. A detailed analysis of potential
upgrading of lumber value by trimming will be forthcoming.

1.7

Conclusion

The presented hardwood lumber grading system consisted of the Microtec Goldeneye 300 MultiSensor Quality Scanner™ for defect detection and classification, and the GradeView™ grading
algorithm for determining NHLA lumber grades. After scanning and grading of 9,454 boards
(39,894 board feet) of nine commercially important hardwood species at the scanner speed of
980 lineal feet/minute, the overall on-value scanner accuracy was 99.54% an on-grade accuracy
was 92.22%, far exceeding industry standards of 96% and 80%, respectively, thus validating the
system. The scanner errors can be further decreased by improved defect detection, an effort that
is currently under way.

The Microtec Goldeneye 300 Multi-Sensor Quality Scanner™ is a longitudinal- feed scanner
capable of running at speeds of up 3,000 lineal feet per minute. Our test speed of 980 lineal feet
per minute was calculated to be sufficient for a sawmill with annual production of approximately
20-25 million board feet of lumber. If higher through put or material flow logistics dictate the
use of transverse-feed scanner, Microtec Goldeneye Plus Scanner™ scanner can be used with the
same results.
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1.10 Tables

Table 1.1 Number of boards analyzed by species and grade
Type

Total

Sel&Btr

1C

2C

Ash

1,016

345

315

356

Basswood

1,023

259

511

253

Cherry

1,095

324

596

202

Hard Maple

1,074

404

367

303

Hickory

1,021

305

414

302

Red Oak

1,065

247

424

394

Soft Maple

1,038

315

257

466

White Oak

1,098

293

577

228

Poplar

1,024

337

408

279

All Species

9,454

2,829

3,842

2,783

Yellow
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Table 1.2 Board feet of lumber analyzed by species and grade
Type

Total

Sel&Btr

1C

2C

Ash

4,089

1,418

1,275

1,333

Basswood

4,037

1,127

1,911

999

Cherry

4,130

1,435

1,944

751

Hard Maple

5,836

2,181

2,003

1,652

Hickory

3,964

1,211

1,326

1,427

Red Oak

4,108

1,228

1,513

1,367

Soft Maple

5,531

1,416

1,131

2,984

White Oak

3,910

1,392

1,845

673

Poplar

4,289

1,733

1,429

1,127

All Species

39,894

13,204

14,377

12,313

Yellow

Table 1.3 Reasons and frequency of miss-grading a board by scanner
Species

Iron
Stain

Large
Knot

False
Black
Knot Knots 1/4"
or less

Ash
Basswood
Cherry
Hard Maple
Hickory
Red Oak
Soft Maple
White Oak
Y. Poplar

18
18
7
11
2
34
14
91
3

19
0
5
36
12
6
24
6
2

2
5
24
2
17
8
17
5
26

Total

198

110

106

Surface
Roughness

Worm
Holes

Shake

Rot

Pith

False Glassworm Cluster
Mineral
Canal
Knots 1/8" Total
or less

25
22
3
11
4
3
10
5
10

1
8
6
2
11
20
5
10
5

0
3
5
2
0
14
12
4
0

1
0
3
3
11
6
2
1
3

24
0
4
0
0
0
0
0
1

8
3
9
5
2
0
1
0
1

0
2
1
0
2
3
1
1
3

5
0
0
0
0
0
0
0
0

0
0
3
0
0
0
0
0
1

103
61
70
72
61
94
86
123
55

93

68

40

30

29

29

13

5

4

725

18

19

Table 1.4 On-value scanner accuracy by species and grade
Species

Overall

Sel&Btr

Ash

99.31%

98.79%

103.02%

102.81%

Basswood

98.77%

97.54%

100.25%

111.90%

Cherry

100.03%

98.33%

99.76%

107.84%

Hard Maple

97.64%

98.77%

103.38%

108.65%

Hickory

100.83%

96.57%

99.33%

102.41%

Red Oak

100.44%

98.83%

98.74%

102.39%

Soft Maple

100.00%

96.77%

101.62%

102.61%

White Oak

99.37%

100.41%

100.55%

101.83%

Yellow Poplar 100.32%

98.08%

99.99%

104.16%

All Species

99.54%

1C

2C
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Table 1.5 On-grade scanner accuracy by species and grade
Species

Overall

Sel&Btr

1C

2C

Ash

89.41%

93.86%

89.18%

84.70%

Basswood

93.63%

94.85%

96.55%

86.69%

Cherry

92.74%

94.70%

92.13%

90.55%

Hard Maple

91.33%

98.26%

91.31%

82.20%

Hickory

91.90%

86.79%

97.51%

91.03%

Red Oak

89.34%

95.96%

93.49%

93.35%

Soft Maple

92.95%

90.96%

88.17%

89.17%

White Oak

94.32%

89.48%

89.39%

95.95%

Yellow Poplar

94.45%

95.47%

92.95%

95.69%

All Species

92.22%

93.82%

92.45%

90.23%
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DEFECT DETECTION PERFORMANCE OF
AUTOMATED HARDWOOD LUMBER GRADING SYSTEM

This chapter will be submitted to the Journal of Electronic Engineering in Agriculture during the
summer of 2018.

2.1

Abstract

This paper describes the abilities of the Microtec Goldeneye 300 Multi-Sensor Quality
ScannerTM to recognize and identify defects for purpose of grading kiln dried, rough, hardwood
lumber using the GradeViewTM grading algorithm. The overall accuracy of the automated
grading system was found to be 92.22% on grade and 99.50% on value as defined by the
National Hardwood Lumber Association sales code, well within industry standards. We also
discuss the small number of boards that were graded incorrectly by the system and specifically
how the multi sensor scanner detects various lumber defects. This scanner has six different types
of sensors- color cameras, black and white cameras, profile cameras, line lasers, dot lasers and an
x-ray that work together to provide accurate detail for lumber grading.

2.2

Introduction

During the spring of 2017, a study was conducted to test the feasibility of an automated
hardwood lumber grading system. This system integrated the GradeViewTM lumber grading
computer algorithm and the Microtec Goldeneye 300 Multi-Sensor Quality Scanner™. Building
upon initial 2015 tests performed at Stiles Machinery in High Point, North Carolina as a proof of
concept study, this study analyzed 9,454 kiln dried, random width, rough boards in a Midwestern
grade hardwood sawmill. More than 1,000 boards from nine different commercial hardwood
species- ash, basswood, cherry, hard maple, hickory, red oak, soft maple, white oak and yellow
poplar- were scanned and graded. The overall on-grade accuracy of the automated lumber
grading system was 92.22% (Gazo et al. 2018). The on-value accuracy of the study showed that
the value of the total lumber scanned was 99.5% of the true human verified lumber value. Both
of these measures are well within the NHLA Sales Code requirements of at least 80% on-grade
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accuracy and 96% on-value and indicate that this system is ready to be commercialized and
adopted by industry.

2.3

Objective

The purpose of this paper is to describe the ability of the Microtec Goldeneye 300 Multi-Sensor
Quality Scanner™ to locate and identify defects in kiln dried, rough hardwood lumber. Boards
graded incorrectly by GradeView™ because of incorrect detection by the scanner will be the
focus of this analysis. Gazo et al. (2018) demonstrated the accuracy of the scanner to be 92.2%
on-grade overall, this analysis is focusing on the 7.8% that was graded incorrectly.

2.4

Background

Automated hardwood lumber grading was first introduced by the US Forest Service in 1983 as
part of an Automated Lumber Processing System (McMillin et al. 1984). Automated grading is
broken into two parts: first locating and identifying types of defects; second interpreting the
defect and board data with a software to determine the board grade (Klinkhachorn et al. 1987).
The computer algorithm interprets the defects and clear wood to assign a lumber grade and value
to the board. This computer code can be based directly off the NHLA lumber grading rules or
proprietary grades from a specific company’s standards. The grading computer code is a
significant accomplishment and the computing power to run the algorithm was once a
monumental challenge to this process. With the advances in computing power, the software
component of automated lumber grading has been well established and used not only to grade
lumber but assist in entire log sawing optimization (Bhandarkar et al. 2008, Chang and Gazo
2009). Locating and determining defects in a board is the more challenging component in
hardwood lumber grading because of the subjectivity in defining what is and what is not a defect.
Gathering defect data with machine vision technology is difficult for multiple reasons, but all
these start with the fact that wood is a natural, biological material.

Wood is not a homogenous material; every piece of lumber is different. Between species, and
within a single species, there can be hundreds of different features and colors that are allowable
as clear wood for grading purposes. Besides the inherent variability in wood, there is also the
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coarseness of rough lumber. The fibrous nature of wood and vibrating saw kerf in manufacturing
creates a rough surface that has been described as the rough lumber problem (Conners et al.
1992). There is a fine balance between enough detail to determine clear wood from defects and
creating too much noise or false positive defects from the rough surface. Color cameras and other
sensors that identify defects have advanced greatly in the last 30 years to improve this surface
roughness detection balance.

Because the coarseness of rough lumber was such a barrier to early sensors, most of the early
machine vision studies worked with surfaced lumber. Setting thresholds of defect colors at the
individual pixel level of camera imaging was one of the foundational steps in defect detection.
Early researchers established a pixel histogram threshold technique that continues to be the base
of color camera detection today (Conners et al. 1983, McMillian et al. 1984, Cho et al. 1990,
Kline et al. 2003). Another established feature was looking at the shape of defects (Conners et al.
1989, Cho et al. Nov. 1990). For example, if the pixels are in a shape that is more long than
wide, the defect is more likely to be a split than a knot. In addition to color cameras, other
sensors such as lasers, x-ray, microwave, ultrasonic and neutron methods (Pham and Alcock
1998) have been tested. Each type of sensor has certain strengths and weaknesses. While
research and development of sensors advanced, the detection of false positives, or detection of
features that were not actually defects, continued to be a problem (Kline et al. 1998). To help
reduce false positives and greatly increase scanning detection accuracy, Bond et al. (2002) and
Kline et al. (2003) used an integrated sensor approach. They demonstrated a significant statistical
increase in grading accuracy using a combination of sensors including not only color cameras,
but also shape measurements and X-ray density values (Bond et al. 2002). Kline et al. (2003)
used this same multi-sensor approach to feed scanned images into improved lumber grading
computer algorithms. The multi sensor approach increased the accuracy of defect detection and
resulting grading accuracy in Kline’s study to 63% while scanning 89 boards at 120 lineal
feet/minute (36 meters/minute).

During the mid 2000’s, commercial scanners used for identifying defects in cross-cut
optimization applications became readily available on the market. Buehlman et al. (2007) did a
thorough analysis of the detection capabilities with four different industrial scanners. The fully
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automated machine vision capabilities of the different scanners were tested by scanning eleven
different dried and surfaced yellow birch sample boards that contained different types of lumber
defects. The results of the study showed a clear difference in the detection capabilities of
scanners based on their cost, which is directly related to the number and types of sensors used in
the scanner. Certain defects were still a challenge to be detected, including pin knots, individual
worm holes, shake and white speck, a decay fungi. Other defects such as shake, mineral streak
and stains were detected, but only partially. While detection was not perfect with any of tested
automated scanning systems, they were still sufficiently accurate to be used by industry
(Buehlman et al. 2007) on clean, surfaced, fixed-width strips of lumber. While using scanners for
cross cut optimizing has been readily adopted, grading kiln dried, random width, rough
hardwood lumber has not gone through pilot scale tests to evaluate scanner performance until
Gazo et al. (2018).

2.5
2.5.1

Methods
Procedure

Boards were scanned with a Microtec Goldeneye 300 Multi-Sensor Quality Scanner™ and the
data was analyzed with the Purdue GradeView™ algorithm. Together these hardware and
software components were combined to make an automated hardwood lumber grading system.
The kiln dried, random width, rough hardwood lumber from 9 different species- ash, basswood,
cherry, hard maple, hickory, red oak, soft maple, white oak and yellow poplar- were scanned at
980 lineal feet per minute. Sensors looked at the top and bottom faces of the board at the same
time and created a digital map of all the defects.

Over a period of three months, approximately 100 packages of lumber were scanned and graded.
These packages of lumber had been graded and tallied by the host sawmill and were pulled from
the inventory ready to be sold. During the first pass through the scanner, the boards for which
previously human-assigned grade matched the scanner grade, were set aside and considered
successfully graded. The boards that did not match the human-assigned grade were then scanned
one more time and inspected in detail in the presence of a trained lumber grader. Some of these
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boards were graded correctly by the original human grader and some were graded correctly by
the scanner. In each case, the reason for discrepancy was recorded.
2.5.2

Sensors

Color cameras are the main sensors used in lumber scanners. They allow for accurate
identification of color changes on the surfaces of the board. Thresholds are set to identify the
contrast between clear wood, knots, stains and other defects. These cameras, however, will also
pick up unwanted visual signals such as a boot print, dirt smudge or conveyer mark.

Black and white scatter cameras are used in conjunction with the line and dot grid lasers. The
shape of the laser light will change based on how it refracts against the wood cells (Jolma and
Mäkynen 2007). The black and white scatter camera determines the movement of the grain or
fiber deviation and maps out grain patterns near knots. Because wood grain deviates from
straight direction around knots and other defects, but it does not around the dirt or conveyer
mark, combining these two sensors helps eliminating detection of unwanted features.

The 3D profile camera is used in accordance with the scanner’s lasers to look at not only the
shape of the board and locate wane, but also to verify cracks and holes that might confuse the
scanner’s vertical camera perspectives. It is also used to measure board thickness differentially
by a combination of 3D profile camera from different side views and generates a full thickness
map imaging.

Finally, the x-ray is one of the most vital sensors on the scanner, used to map the density of a
board. Knots, for example, have higher density than clear wood, where a hole or lack of material
would comparatively have little or no density. All the sensors work together to verify different
defects and gather information about the board. By setting thresholds for different defects on
each type of sensor and overlaying each sensor’s data, false defects can be filtered out and only
the true defects are identified and classified.
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2.5.3

Board Size and Shape

The geometric size and shape of a board is measured with line laser systems and profile camera
laser triangulation. Board surface measure is calculated using the width of the board one-third
the length from the narrow end just as the NHLA rules require. This differs from board width in
that the board width is calculated from the narrowest width in the standard length of the board,
over length not included. Any side bend or taper greater than 1/8th inch is accounted for with the
geometric size calculations and cameras. Board cupping and bow was not measured with the test
scanner because the feed rolls press down the board with a great amount of pressure to achieve
accurate feeding. A commercial scanner of this type can include sensors for detecting cup and
bow. Miss-cut lumber that varies in thickness can be detected using the laser triangulation.

Table 2.1 gives a summary of different sensor combinations to identify specific board features.
Due to anatomical differences in wood of various species, the sensors have to be calibrated for
each individual wood species in order to learn differences in density, color and shape of various
defect types and clear wood. Substantial effort was put into calibration of defect detection in
rough lumber by Microtec engineers along with a NHLA trained grader (Del Re 2018). Because
hardwood lumber is commonly graded in rough, unsurfaced condition, these calibration
measures were critical to develop because of the coarseness of unsurfaced material being
scanned.

2.6

Defect Detection

The purpose of the automated hardwood lumber grading systems is to detect defects with
sufficient accuracy and detail to establish a defined grade of a board. The reasons why 7.8% of
the board footage had not been assigned a correct grade vary. If the scanner did not find a defect
in the board that was truly present this is called under detection. The grading algorithm would
overestimate the amount of clear wood available by allowing the defect and surrounding wood to
be placed into a clear cutting. A clear cutting is a section of a board obtained by crosscutting,
ripping or both and free from defects (NHLA 2015). These cuttings must be of a minimum size
and only a certain number is allowed. The board grade is determined by percentage of the boards
surface area can be used in these cuttings.
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The next possible way for inaccurate grading from scanner defect detection is called over
detection. Over detection is when the scanner identifies a feature in the board as a defect, but the
feature is not truly a defect. These false positive defects may result in the scanner assigning a
lower grade than the true grade because a larger cutting could have been placed over the false
defect.

The last detection category for inaccurate grading of a board is partial detection. Often scanner
sensors are able to identify the majority or parts of a defect but not the entire defect. This may or
may not affect the board grade. The structure of NHLA lumber grading rules presents situations
where being accurate within an 1/8th of an inch is essential, yet other situations where complete
defect detection is not required to assign the correct grade. In these situations, the scanner
partially identified the actual defect and assigned a higher lumber grade than the true grade.

Table 2.2 gives a summary of the detection errors by defect type and species. The following
section will explain why detecting certain types of defects is important for establishing board
grade, detection ease or difficulty, impact of miss-identifying a defect and potential remedy.
2.6.1

Wane

Wane is the most common defect in high-grade lumber because it occurs on the outside of the
log, near the clearest wood (Fig. 2.1). Defined as bark or the absence of wood on the edges or
surface of a board, it is limited in both length and width allowed in upper grades of lumber,
Select and Better (NHLA 2015). Wane is considered unsound and not allowed in any cuttings.
Profile cameras and lasers are the most important sensors in detecting wane. The threshold set
for wane detection was for the cameras to identify anything that was greater than 1/32 inch in
from the edge of the board but in general approximated to 1/8 inch to avoid false alarms caused
by irregular edges. The reason for this is that by setting a threshold closer to the edge too much
noise is picked up resulting in over estimate of wane length. For example, some species like
hickory may have a coarse or stringy type appearance on the edge of the board because of the
nature of the wood fibers or the saw tooth making the cut did not have a sharp enough edge. The
threshold for wane width measurement also took careful adjustment and calibration because a
certain amount of the wane would be surfaced off the rough lumber. Wane detection using the
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profile cameras and line lasers was very accurate and there was no single specific species that
had a problem with wane detection. Wane can be on either face of a board, and on either edge of
a face. It can be continuous, or broken into many sections. In the whole sample of 9,454 boards,
the wane was detected 9,366 times. The average wane length was 18” and average width 0.35”.
No boards were miss-graded because of wane detection.
2.6.2

Knots: Large Pale, Small Pin, Cluster, False

Knots are very diverse lumber defects, both between species and within (Fig 2.2-2.4). They are
the result of a branch forming in the tree and growing out from the main trunk. Due to wood cells
oriented often perpendicular to the face of the board, the fibers are more likely to split when
drying and have a different density compared to the normal wood surrounding (Denig et al.
2000). Often, knots will have a darker color or be surrounded in enclosed bark, resulting in a
loose or unsound knot (Hoadley 1994). Knots are unacceptable for lumber grading purposes
because during manufacturing they are susceptible to falling out, torn grain and will often split,
creating an uneven break in finishing. In the whole sample of 9,454 boards, sound knots (knots
in which the surface is not broken) were detected 4,890 times. The average sound knot diameter
was 0.52”. Unsound knots (knots that break the surface of the board due to a split, bark, hole,
etc.) were detected 4,873 times. The average unsound knot diameter was 1.25”. Holes that were
typically a result of fallen out knot (due to knot disintegration during drying) were detected 4,439
time, with average diameter of 0.84”.

Grain deviation identified by black and white camera watching line laser and dot lasers is the
main information to identify knots, followed by color camera to identify the contrast between
knotty area and normal wood fiber structure. X-ray is used to eliminate false positive errors in
cases where discolored area such as a boot print may be first identified, but then eliminated if
there is no accompanying change in underlying wood density.

Large pale knots are the knots that have the same color as the surrounding clear wood. These
knots are difficult for the color cameras to detect because of the lack of color difference between
the knot and surrounding clear wood. Large knots are particularly challenging defects to detect
also because as the branch gets bigger, its density and grain deviation surrounding the knot are
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homogenized and increasingly appear like normal clear wood. Lasers and scatter cameras could
identify the crack in the middle that forms across a knot after it is dried, and cuttings were not
placed over a large split. It can also be challenging for human graders to decide how far into the
pale knot a cutting can be placed, if at all. Out of the 725 boards that were incorrectly graded in
the study, 110 were a result of under or partial detection of large pale knots.

Another type of knot that was a challenge for the scanners detection capabilities was classified as
a pin knot, or small black knots, less than ¼-inch diameter. Ash and basswood were particularly
challenging species because of the lack of density changes in the knots. The color cameras were
able to detect a change in color for these knots, but due to the small size, there often was not
enough change in density for the x-ray machine to confirm the presence of the knot. Without
defect confirmation from the x-ray, these small knots were dismissed as either a smudge of dirt,
grease or another visual surface blemish but not a defect. As a result, a cutting would be placed
on top of these small black knots and a higher grade would be assigned than what should have. It
should be noted that many of these under detected knots were pin knots less than 1/8th inch
diameter and are challenging for a human grader to find at production speeds. Inaccurate under
detection of small black knots resulted in 96 boards being assigned a higher grade and higher
value.

The last category for knots that were incorrectly identified would be cluster knots. The detection
of cluster knots was excellent. Only four boards out of the 725 were graded incorrectly because
of improper cluster knot under detection. Cherry as a species is notorious for cluster knots,
formed by many small epicormic branches on the log surface. The NHLA grading rules do allow
for any small knots less than 1/8th inch in diameter to be allowed in clear cuttings for cherry
lumber, as well as any gum streaks or spots (NHLA 2015). There were three instances where
cherry boards were incorrectly graded because of under detection on cluster knots. For example,
in cherry, being able to determine a clump of gum spots from a cluster knot was the give and
take balance between detecting too much and not enough.

The only other board that was incorrectly graded because of the cluster knot detection was a
yellow poplar board. In yellow poplar, cluster knots with a black center are unacceptable but

30
dark green knot centers are acceptable in cuttings. This very fine line made cluster knots a
particularly challenging defect to calibrate. In addition to limited color camera detection, lasers
were able to determine grain deviation around some cluster knots, but without a drastic
difference in density and color, some cluster knots missed were a result of under detection.

The largest error for over detection of defects was in the category of false knots. There were 106
boards out of the entire study sample of 9,454 boards that were graded in-correctly because of a
false positive knot detection. The main causes for this over detection are burls, which would be a
swirling of the grain near where a knot would form (NHLA 2015). The scanner would identify
these burls as knots because of the irregular grain pattern and fiber deviation being identified by
the laser systems and the increased density detected by the x-ray, because commonly there was a
knot just below the surface (Fig. 2.5).
2.6.3

Checks and Splits

Seasoning checks are a defect formed when rapidly drying lumber (Fig. 2.6). Wood cells shrink
during drying and as result of this loss of moisture, small cracks appear (Denig et al 2000,
Wengert 1990). These checks can be on either the surface or end of a board. For grading
purposes, normal season checks that can be surfaced out of lumber at standard surface thickness
are acceptable in clear cuttings (NHLA 2015). The detection of surface checks splits and cracks
was extremely accurate. Any separation within 1/64th of an inch could be detected, but this level
of detail did generate some false positives particularly when a board had an extremely rough
surface or fuzzy grain appearance. In species such as red oak and yellow poplar, the level of
precision on the scanner was adjusted to only identify separations of greater than 1/32nd of an
inch to limit those false positives.

Splits are detected the same way as these ordinary season checks with the laser triangulation.
Both the vertical and profile cameras are responsible for seeing how the laser reflects. Large
splits, separation of wood that goes all the way through a board starting from an end, especially
need the profile camera for accurate detection because the laser will not reflect as there is no
material to reflect upon (Fig. 2.7). The scanner handled split and check detection exceptionally
well, to the point where surface roughness of boards, where the normal rough grain surface was
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mistaken for a check or split resulted in 68 boards being graded incorrectly as a result. In the
whole sample of 9,454 boards, the splits and checks were detected 18,987 times. The average
length was 1.95” and average width was 0.15”.
2.6.4

Shake

Shake is a separation along the grain of a board between the annual growth rings and is
considered an unsound defect (Fig. 2.8) (NHLA 2015). Bacterial infection in the wood that
weakens the early wood is most often the cause of ring shake, but wind throw from large storms
can also result in the separation of the growth rings. Drying lumber does not cause shake, but can
exacerbate its presence (Denig et al. 2000, Wengert 1990). Certain species are more prone to ring
shake than others. Hickory and red oak species had the most occurrences of shake in the study
sample.

Detection of ring shake is mainly done with the lasers and both profile and black and white
cameras. Similar to detection of a surface check, the scanner is accurate at picking up shake
when there is a crack on the surface of the board. The majority of the incorrectly graded boards
with shake detection as a reason had only partial detection and placed a cutting on top of the
portion of the board with the shake not breaking through the board surface. Another reason for
incorrectly identifying shake was that the grain separation was not perpendicular to the face of
the board but rather at a sharper angle following the growth ring. Instances when the shake did
not result in a 1/16th inch or larger separation on the board surface, the detection was
significantly hindered if the split was angled because it was too sharp an angle for the profile
cameras to “see inside”. Out of the 725 boards graded incorrectly, 30 were the result of under
detection of shake.
2.6.5

Pith

Pith is the soft core at the center of a log (Fig. 2.9) (Hoadley 1994) and is regarded as an unsound
defect in the NHLA grading rules (NHLA 2015). It is subject to extreme shrinking problems due
to the proximity of juvenile wood. For upper grades of lumber that come from the outside
portion of a log it is seldom an issue, but can be when sawing closer to the center of the log.
Often times the pith is never sawn into boards because the log defect core in the center of the log

32
is made into either a railroad tie or a pallet cant. Higher value species where the lower grade
lumber is worth more money may have more pith because it is cost effective to saw all the way
into the heart of the log.

The scanner could accurately detect the pith when it broke the surface of the lumber, using both
lasers and color cameras. Pith is also known as boxed heart if it is enclosed within all four board
surfaces (NHLA 2015). Boxed heart was often partially detected with the lasers and cameras
able to pick up the surface of the board cracked from shrinkage. The grading errors that occurred
due to pith or boxed heart detection were a result of cuttings placed over areas where the surface
of the board was not cracked open and the pith was hidden. The x-ray was not able to pick up
enough of a change in density from the less dense pith core. Ash, cherry and soft maple lumber
species had the most occurrences of pith under detection. Partial or under detection of pith
resulted in 29 boards being graded incorrectly.
2.6.6

Rot

Rot, or decay, is the fungal breakdown of wood cells (Fig. 2.10). There is a large spectrum of rot
ranging from very advanced dry rot in which wood crumbles to the touch and white rot that is
soft and spongy to incipient decay where the fungus is just starting to spread into sound wood
cells (Hoadley 1994, NHLA 2015). Rot is difficult to detect for a scanner because of the minor
color difference between the rot and normal clear wood. In rough lumber especially, incipient
decay can closely resemble water stain. While lasers and color cameras struggle with detection
of rot, while the x-ray can differentiate some changes in density if the rot is advanced. However,
incipient decay that is starting to form, does not have enough density change to be detected
consistently and as result cuttings were placed over rotten portions of the board. Ash was the
most common species to have difficulty with rot under detection and this makes sense given the
amount of standing dead trees starting to decay due to Emerald Ash Borer. The other feature of
ash making incipient decay difficult to detect is that the decay looks very similar to the brown
heartwood. In total 29 boards were graded incorrectly because of under or partial detection of
rot, 24 of these boards were ash.
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2.6.7

Worm Holes

NHLA lumber grading rules describe any worm holes in lumber based on the average diameter
of the hole itself. A pin worm hole is anything less than 1/16th inch in diameter, a spot worm
hole is any hole between 1/16th inch to 1/8th inch in diameter and shot worm hole is a hole
larger than 1/8th inch but smaller than ¼ inch. Any worm hole that is larger than ¼ inch in
diameter is classified as grub hole. No worm holes are allowed in clear cuttings unless specified
by the lumber order invoice as worm holes no defect (WHND). Pin, shot and spot worm holes
are allowed in sound cuttings but grub holes are limited (NHLA 2015). Columbian timber beetle
is one of many different insects that can bore into a tree during part of its life cycle and create
these holes in soft maple lumber especially (Cassens 2007).

Worm holes can create a challenge for detection, in being precise enough to identify very small
details but also filter out false positives. If a worm hole diameter is less than one pixel size (0.19
mm or about 1/128”), there is a chance that it will be filtered out as a noise. Additionally, at
higher speeds a worm hole can be missed because of sensor frame speed. From the nine species
in this study, the two most common species to have boards graded incorrectly because of worm
hole under detection were red oak and soft maple (Fig. 2.11-2.12). Unlike red oak, soft maple
has gray or brown streak, also known as a flag, surrounding the worm holes. Because of this
color feature, a special detection filter could be set where the detection sensitivity was increased
and then any over detected worm holes not surrounded by a gray flag could be filtered out. Due
to the drastic color indicator and this filtering technique, the worm hole detection in soft maple
was considerably more accurate than in red oak. In the whole sample of 9,454 boards, worm
holes were detected 16,515 times. Out of the 725 boards that were graded incorrectly, worm hole
under detection was responsible for 40 boards. The average diameter of a worm hole was 0.45
mm (0.018”).
2.6.8

Iron Stain

Iron stain was the most common reason for a board to be graded incorrectly. Mainly in oak
species of lumber, iron stain forms when the green lumber wet with moisture and tannic acid
contacts ferrous metal (Wengert 1990). Minor to moderate iron stain does not pose a major
challenge to defect detection and can be filtered out. A heavily iron-stained board (Figure 2.13)
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pose a problem for two reasons. First, stain can obstruct cameras from detecting underlying
defects (the same is true for human eye). Second, highly polished black patches that result from
spinning conveyer rolls rubbing on a stationary board have such a dark shade of matte black stain
and deposited ferrous metal on the surface, that they absorb, rather than reflect lasers that could
detect grain deviation. This heavy iron stain will also confuse the x-ray, resulting in over
detecting of defects. In these cases, detection algorithm was trained to delete any defects that
overlapped with the iron stain. Iron stain is an intermittent issue that depends on season, antistain dipping of lumber and mechanical handling. For example, veneer mills use stainless steel
rollers and other handling equipment to prevent iron stain. Iron stain is present in some regions
and not often in others. In total, iron stain resulted in the largest number of boards being graded
incorrectly, 198 out of 725. Red and white oak accounted for 125 of those incorrectly graded
boards. It must be said that this is an equally difficult issue for a human grader.
2.6.9

Others: Mineral Streaks, Glass Worm, etc.

Other minor instances for grading errors included extreme mineral stain in yellow poplar boards
that were a shade of black, much darker than the normal purple or olive streak (Fig. 2.14).
Mineral streaks and spots can be limited in certain species such as oak and basswood based on
the NHLA species specific rules. In the 13 instances of errors due to mineral streaks, most were
extremely dark mineral in color that confused the laser systems and cameras so that a cutting
would not be placed over the mineral at all. In the ash species, glass worm streaks that had
included bark were confused with a bark pocket five times. The bark pocket detection on the
scanner was very accurate in all species, including hickory, which has a lot of mineral, bird
pecks, bark and other irregular features.

2.7

Discussion

The defect detection capabilities of this scanning system are consistent with Buehlmann et al.
(2007) findings that showed high quality scanners still struggle with complete detection of rot,
shake and individual worm holes. For 92.2% of the board footage scanned by the automated
grading system, the detection accuracy was good enough to assign the correct lumber grade.
Complete detection of all defects is not always required to assign the correct board grade because
the focus on the NHLA standard lumber grades is on the yield of clear wood, not the defects. If
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there is enough clear wood in the correct number of cuttings of a minimum size, perfect
detection of small defects in marginal areas is not a requirement to assign the correct lumber
grade.

Severe iron stain issues must be addressed, as this is the result of the majority of the incorrectly
graded boards, 198 out of 725. In certain areas of the hardwood lumber region, it is common
practice to dip lumber in an anti-stain solution that would get rid of the lumber iron stain. While
this might be feasible in sawmills that dip lumber year round, or for part of the year, sensor
accuracy methods must continue to develop to resolve this issue for mills in regions that do not
dip lumber.

An issue that must be addressed is the scanning detection accuracy of black walnut lumber. Due
to the dark color of walnut and how similar the knots are to clear wood, it is very difficult for
scanning systems to detect consistently at the present time. This study did not include walnut
lumber because of time constraints and a lack of satisfactory calibration.

Since the study scanner had been manufactured in 2014, sensors that are considerably more
accurate have been the developed and are installed in current scanners. Near-infrared lasers and
more precise cameras have made detection capabilities of pale knots much more accurate with
hardwood lumber, especially when there is not as much of a density change for the x-ray
machine to confirm the presence of the knot. The improved laser sensors will help with iron stain
and shake detection as well, but further tests will be needed to confirm.

What we learned from this experiment is already being utilized to further develop scanner
hardware and software. For example, the very accurate detection of cracks and splits is being
further enhanced with special modules that improve the resolution of the cameras. This will
result in a much more accurate and sensitive crack recognition. Pith recognition will be now
based completely on software, using the thickness map as the main source. The pith creates a
bump on the surface of the board, which is typically long and narrow, and visible on the
thickness map. This can be processed in the algorithm, resulting in a correct detection of the pith.
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Due to lack of time during the calibration and small amount of boards with this defect, this
software module had not been developed previously.

The scanner used for the test was a lineal-feed scanner. Microtec also developed a transversefeed scanner dedicated to hardwood lumber grading that will be easier to integrate into existing
production lines. The recognition of defects with either system is nearly the same. While
transverse-feed system was not physically tested in this study, a computer simulation based on
the board data collected during our test shows that the percentage of grade change due to the
conveyer chain blind spots on the bottom face of the boards is only around 0.20%.

2.8

Conclusion

The entire automated hardwood grading study scanned and analyzed 9,454 boards and this paper
reviewed the reasons why 725 boards were graded incorrectly (Table 1). Gazo et al. 2018
demonstrated the accuracy of the automated grading system to be 92.2% on-grade accurate based
on the total volume (board footage) of lumber scanned. Published accuracies for defect detection
and grading by human lumber inspectors has ranged from 48% to 75% (Huber et al. 1985, Kline
et al. 2003, Phram and Alcock 1998). The on-value accuracy of the grading trial was found that
the scanner assigned total grade dollar value was 99.5% of the true value, well within industry
standards (Gazo et al. 2018). While there still are ways to improve the detection capabilities with
sensors for identifying defects, this level of accuracy is well within the NHLA Sales Code
accuracies of at least 80% of the total board footage being the correct grade and within 4% of the
true lumber value (NHLA 2015). The accuracy of this automated hardwood grading system
along with upgrade trim optimization abilities and cost savings in labor and production rates
show that this technology is ready to be adopted by industry.

2.9
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2.11 Tables

Table 2.1 Sensors used to identify different board features

Feature
Board Size
Wane
Knots
Checks/Splits
Worm Holes
Rot
Shake
Iron Stain
Pith
Bark Pockets
Surface
Roughness

Color
Cameras

X
X

X
X
X

B&W
Cameras

Profile
Cameras

Line
Laser

X
X
X
X
X
X
X
X
X
X

X
X

X
X
X
X
X

X

X
X
X

X

Grid
Laser

X
X
X

X-ray
Main Problem Species

X
X
X

X
X
X
X

X
X

X

X

X

X

X

None
Hickory, R. Oak
Ash, H. Maple S. Maple
None
R. Oak, S. Maple
Ash,
Hickory, R. Oak
R. Oak, W. Oak
Ash, Cherry, S. Maple
Ash
Basswood, R. Oak, W. Oak

Table 2.2 Causes and frequency of inaccurate board grading discrepancies by species
Species

Iron
Stain

Large
Knot

Ash
Basswood
Cherry
Hard Maple
Hickory
Red Oak
Soft Maple
White Oak
Y. Poplar

18
18
7
11
2
34
14
91
3

19
0
5
36
12
6
24
6
2

Total

False
Black
Knot Knots 1/4"
or less

Surface
Roughness

Worm
Holes

Shake

Rot

Pith

False
Mineral

Glass
worm

1
8
6
2
11
20
5
10
5

0
3
5
2
0
14
12
4
0

1
0
3
3
11
6
2
1
3

24
0
4
0
0
0
0
0
1

8
3
9
5
2
0
1
0
1

0
2
1
0
2
3
1
1
3

5
0
0
0
0
0
0
0
0

0
0
3
0
0
0
0
0
1

103
61
70
72
61
94
86
123
55

198
110
106
93
68
40
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The scanner incorrectly graded an individual board for one or more of these reasons

29

29

13

5

4

725

2
5
24
2
17
8
17
5
26

25
22
3
11
4
3
10
5
10

Cluster
Knots 1/8" Total
or less
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2.12 Figures

Figure 2.1 Wane on white oak board

Figure 2.2 Large pale knot in ash board
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Figure 2.3 Pin knots in red oak board

Figure 2.4 Cluster knot in cherry board
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Figure 2.5 Burl detected as a knot in red oak board

Figure 2.6 Surface checks in white oak board
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Figure 2.7 Split in white oak board

Figure 2.8 Shake in red oak board
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Figure 2.9 Pith in soft maple board

Figure 2.10 Rot in red oak board

47

Figure 2.11 Worm hole in soft maple board

Figure 2.12 Shot worm holes in red oak board
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Figure 2.13 Iron stain on white oak board

Figure 2.14 Black mineral streak in yellow poplar board

